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Abstract. As a micro-blogging service, Twitter differs from other so-
cial network services in two ways: 1) the absence of mutual consent in
establishing follow links and 2) being a mixture of news media and so-
cial network. A key question to ask in better understanding Twitter user
behavior is which part of a user’s Twitter network reflects one’s real-life
social network. TwiCube is an online tool that employs a novel algorith-
m capable of identifying a user’s real-life social community, which we
call the user’s off-line community, purely from examining the link struc-
ture among the user’s followers and followees. Based on the identified
off-line community, TwiCube provides a summary of the user’s interests,
tweeting habits and neighborhood popularity analysis. Evaluations from
real Twitter users demonstrate that our off-line community detection
approach achieves high precision and recall in most cases.
1 Introduction
Twitter distinguishes itself from other SNS like Facebook with two unique char-
acteristics [3]: 1) Twitter functions as a mixture of news media and social network
combining features from both; and 2) mutual consent is not required to establish
a follow link. And thus, even if two users follow each other, can we conclude that
they are friends in person? For example, does the US President Barack Oba-
ma personally know all the 670,000 users that he follows? The eluding social
characteristics of Twitter network have so far fogged answers to these important
questions. Despite the increasingly rich study on Twitter, few have explored the
relationship between a user’s online and off-line social network, which, on the
other hand, has been adequately investigated in standard SNS like Facebook.
Indeed some works probing this territory, such as [1; 2]. However, they either
used a fairly weak definition of “friend” which refers to anyone to whom the user
has directed at least two tweets or they cannot identify whether groups formed
by clustering algorithms are actually traces of online or off-line social networks.
TwiCube1 is an online tool to identify the portion of a user’s Twitter follow
network that maps to his or her off-line social life, which we call the user’s off-line
community and the user being studied is then called the target user. The iden-
tification of a users off-line community is important in characterizing different
1 http://twitterbud2011.appspot.com/
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users and understanding their behavior on Twitter. For example, to build a bet-
ter model for user interest profiling, on one hand, online friends like medias and
celebrities are more informative of the user’s interests, hobbies, etc. On the other
hand, the close off-line friends are more similar in interests as well. Therefore,
what these close friends follow online could complement and reinforce those one
follows. For instance, a music-lover may follow three music-related Twitter user-
s, while his or her close friends in the off-line community may altogether follow
another twenty music-related ones, giving strong evidence on the users interest
in music. By an aggregated analysis on the interests of the off-line community
members, we are able to build a more robust and accurate interest profile for the
target user. In this paper we give an overview of the architecture of TwiCube
and its major modules including a briefing on the algorithms in Section 2. We
then demonstrate a case in Section 3.
2 OVERVIEW AND ARCHITECTURE
TwiCube is an online tool for off-line community analysis. As Figure 1 shows, an
execution loop of TwiCube is triggered by a query for a certain target user and
culminates the visualization of the off-line friends network and related statistics.
It utilizes two external resources: Twitter and FreeBase. The process of retrieving
the network structure from Twitter and computing the off-line community is on-
the-fly so that it provides the real-time version and avoid the expenses on storage.
The phase of employing FreeBase is off-line since these data are regarded as a
dictionary for profiling. Given these raw data, we calculate the closeness score
for each pair of nodes and generate the community, along with its corresponding
statistics. For efficiency purpose, we cache the query result for further search.
Fig. 1: System overview Fig. 2: An example of a user’s off-line community
2.1 Data Collection
Category extractor Category extractor performs the off-line task of crawling
data from knowledge base such as Freebase2 via FreeBase API. We collected in-
formation of two types of entities, persons and organizations, for which a number
of attributes like Twitter account and field are then extracted. The attributes
2 http://www.freebase.com
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of these persons and organizations are further categorized manually. For exam-
ple, the profession “Novelist” belongs to the category Writer, while the sector
“Libertarian Party of San Francisco” is categorized as Politics. For those per-
sons and organizations whose Twitter accounts are not available in FreeBase, we
used their names as queries in Bing search API to look for their corresponding
Twitter home page. Combining our results from the Bing search API and those
already obtained in FreeBase, we were able to gather 100 million persons’ and
organizations’ Twitter accounts along with their corresponding categories. Data
collected by category extractor are stored in database for generating target us-
er’s interest profile.
Twitter real-time follow network The online retrieving data source, Twit-
ter, provides a lot of useful APIs to access its user data. We fetch these data by
specifying the target user in real-time manner. These data includes the network
structure and the target user’s recent tweets.
2.2 Data Processing
Off-line community identification Data obtained from the Twitter real-time
follow network is fed to this module to detect the off-line community of a user. In
order to accomplish this task, we employ an algorithm in [4]. On a high level, the
algorithm works in iterations as follows. Given a target user u, we computed the
closeness score between u and all the other users as well as vˆ, where vˆ represents
a connection to u almost as weak as any off-line real-life friend should be. A
ranking list of all the users together with vˆ in decreasing order of the closeness
score is thus generated. All the users ranked before vˆ are identified as off-line
community members, which ends the current iteration. In the next iteration, the
key point is that we now treat the whole off-line community identified so far as
one virtual user node u˜. Instead of computing the closeness score between u and
all the rest users, this time we compute the closeness score between u˜ and every
other user. From the ranking list thus generated, if any user jumps ahead of vˆ in
this iteration, the user will be added to the off-line community of u, which ends
this iteration. So on and so forth. For the details, please refer to [4].
User analysis By utilizing the off-line community produced for a user, we are
able to do some analysis for the target user that is unattainable before.
User interest category. The category of user interest is based on the obser-
vation on his online community, which usually includes medias, celebrities, etc.
Therefore, a target user’s interests are built according to one’s following celebri-
ties’ categories, which are stored in a database by category extractor.
Popularity score. We analyzed all the members’ popularity in both online
and off-line communities of a target user. The popularity score is calculated
by the number of followers one owns in the target user’s off-line community.
The leading users in online community indicates the common interests from the
off-line friends’ view. And the leading one in off-line community represents the
active users.
Tweeting habit. We also present the user’s tweeting time distribution and the
retweet number of his tweets, from which to learn the user’s tweeting behavior.
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(a) Interest category (b) Tweeting habit (c) Network’s popularity
Fig. 3: Case demonstration for a certain user’s off-line community analysis
3 Demonstration cases
In this section, we demonstrated a case for analyzing off-line friends network of
a query user. We randomly picked up a user from Twitter who has 36 followees
and 35 followers. By employing the algorithm to compute the closeness score,
we generated the off-line community with 25 users shown as Figure 2. Consid-
ering his online community, his interests are mainly about News, Politics and
Technology as Figure 3(a) shows. This guy usually publishes tweets during 07:00
to 08:00 in Greenwich Mean time as Figure 3(b) indicates. In addition, among
his recent tweets, there are only one which has been highly retweeted as the red
one, indicating that he is not active in Twitter. Furthermore, we also present the
popularity score for each user on his off-line community’s level as Figure 3(c).
For more cases, readers could search from our TwiCube search interface.
4 CONCLUSIONS
TwiCube is an online tool to detect a Twitter user’s off-line social network.
Manual evaluations from real Twitter users have demonstrated its high precision
and recall. The demo not only finds a target user’s off-line community in a real-
time manner, but also provides further analysis of the user’s off-line community.
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